The cell type composition of heterogeneous tissue samples can be a critical variable in both 29 clinical and laboratory settings. However, current experimental methods of cell type quantification (e.g.
To evaluate the accuracy of GEDIT, we first apply the tool to synthetic mixtures for which the 122 true cell type fractions are known. In order to meaningfully evaluate the performance of deconvolution,
123
we used one matrix to produce mixtures and another to serve as the reference. The deconvolution of 124 synthetic mixtures using only a single matrix (to both generate the mixtures and serve as a reference) generation of synthetic mixtures ( 
150
"mature neutrophils" in BLUEPRINT and "neutrophils" in the Human Primary Cell Atlas were 151 considered equivalent.
152
For each of these 10 pairs of matrices, 1,000 cell type proportions were generated randomly.
sampled from the uniform distribution). Next, one of the remaining cell types is randomly selected and multiplied by the simulated weight. We believe this procedure produces biologically accurate mixtures,
GEDIT Pipeline

164
GEDIT requires as input two matrices of expression values. The first is expression data 165 collected from a tissue sample; each column represents one mixture, and each row corresponds to a 166 gene. The second matrix contains the reference data, with each column representing a purified 167 reference profile and each row corresponds to a gene. In a multi-step process, GEDIT utilizes the 168 reference profiles to predict the cell type proportions of each mixture (Fig 1) . 
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In order to assess the effects of GEDIT's 4 parameter settings, which are described in detail 176 below, we generated thousands of synthetic mixtures in silico. We then ran GEDIT on the simulated 
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Preprocessing and Quantile Normalization
182
The first step in the GEDIT pipeline is to render the two matrices comparable. This is done by 183 including only genes present in both matrices and discarding all others. Genes with zero detected 184 expression in all cell types as they contain no useful information for deconvolution. Each column of 185 both matrices are then quantile normalized, such that they follow the same distribution; the target 186 distribution is the starting distribution of the entire reference matrix.
188
Signature Gene Selection (SigMeth)
189
Starting with the normalized reference matrix, GEDIT identifies signature genes. Gene
190
expression experiments can measure tens of thousands of genes simultaneously, but many of these cell types. This is problematic because genes like CD14 will have a much larger impact on the 
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substantially improving accuracy ( Fig 2D) . Values outside the natural range of 0.0 to 1.0 produce high 262 error, as well (data not shown).
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Comparison to Other Tools
265
To evaluate the performance of GEDIT on real data, and compare its results to those of other 266 tools, we generated expression data from 12 in vitro mixtures of 6 immune cells using an Affymetrix 267 array. We then selected 6 contemporary deconvolution tools ( 
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All tools in the study, except for xCell, require that the user submit a reference matrix. We ran 276 each of these tools 4 times using 4 choices of reference matrix: The Human Primary Cell Atlas, LM22,
277
ImmunoStates, and a reference constructed from BLUEPRINT data.
278
Unlike the other 4 tools, the outputs of xCell do not necessarily sum to 1.0 (in these cases, the 279 total instead ranges from .9 to 2.8). Thus, for each sample we normalized the output vector by dividing 280 each output by the sum of all outputs, such that predictions do sum to 1.0. Both the default output and 281 normalized output were evaluated, with the renormalized output having notably lower error.
282
For each of the 4 tools that require a reference matrix, using the LM22 reference matrix yielded 283 the most accurate overall results. Using BLUEPRINT, the only RNA-Seq reference, generally yielded 284 high error. This may be due to issues associated with cross-platform analysis. Dtangle failed to run on values, depending on whether the input data was normalized before using the tool.
In terms of average error across all cell types, the most accurate predictions were produced by of the 6 cell types in the study, with the exceptions being CD4 and CD8 T Cells. For all cell types,
290
there is a strong positive correlation between the GEDIT predicted proportion and the true proportion 
303
Dtangle produced inaccurate estimates for many cell types in the study. When using the LM22 304 matrix, the tool did not detect B cells, NK cells, or neutrophils in any samples, despite these being 305 present in proportions of up to .194, .89, and .395 respectively. However, when using the LM22 matrix, 306 dtangle produced by far the best estimates for CD8 T cells. The accuracy of these CD8 T cell 307 predictions was highly dependent on the reference used, with the quality of predictions sharply 308 declining when using either the Human Primary Cell Atlas or ImmunoStates.
309
All tools performed well on monocytes relative to the other cell types in the study. Error was 310 also low for B Cells and Neutrophils, but these cell types were not as rigorously tested by this study,
311
as each mixture contained no more than 20% or 40% of these cells, respectively. By contrast, most 312 tools struggled to correctly predict CD4 and CD8 T Cells. This demonstrates the difficulty of distinguishing highly similar cell types.
Skin Expression Data
317
We also used GEDIT to analyze a set of skin biopsies from patients with various skin diseases.
318
The predicted cell types are consistent with skin biology; in most samples, keratinocytes are the most 319 highly predicted followed by subcutaneous adipose (Fig 5) . Deviations from this pattern correspond to 
GTEX
332
We also applied GEDIT to 17,382 GTEX RNA-Seq samples collected from various tissues.
333
However, no single reference contained all cell types we wished to predict. For example, none of the 334 available references contains both myocytes and adipocytes, ( Supplementary Fig 1) . Therefore, we 335 took a novel approach in which we predicted proportions 3 times using 3 separate references 336 (BlueCode, Human Primary Cell Atlas, Skin Signatures). We then combined these outputs by taking 337 their median value. This allowed us to produce predictions spanning a larger number of cell types 
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For any given gene, a scoring method takes as input the vector of the expression values 407 across all reference cell types, and outputs a score. A gene is considered a potential signature gene in 408 cell type X if it is expressed more highly in X than any other cell type. For each cell type, we keep only 409 the N genes with the highest scores, where N is the NumSigs parameter.
411
Information entropy (H) is calculated using the following formula:
412 413 = − ∑[ * 2 ( )]
(1) 414 415 where pi is the probability of the i th observation. To apply this to expression values, we convert 416 the vector of expression values into a vector of probabilities by dividing by its sum. In a mixture 417 consisting of equal fractions of each cell type, pi can be interpreted as the probability an observed
Row Scaling
During this step, we apply a transformation on the expression values for each gene. Each gene
performed by the UCLA Neuroscience Genomics Core. Data was normalized by quantile matrix (BlueCode, the Human Primary Cell Atlas, and Skin Signatures). For each cell type, we types. However, the pure reference profiles they produce can be used by GEDIT to produce accurate estimates of cell type populations. This approach circumvents some of the biases associated with the composition analysis of bulk genomics using single-cell data. Nat Methods. 2019 Apr;16(4):327-
